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Abstract
Gamtoos Basin is an echelon sub-basin under the Outeniqua offshore Basin of South Africa. It is a complex rift-type basin 
with both onshore and offshore components and consists of relatively simple half-grabens bounded by a major fault to the 
northeast. This study is mainly focused on the evaluation of the reservoir heterogeneity of the Valanginian depositional 
sequence. The prime objective of this work is to generate a 3D static reservoir model for a better understanding of the spatial 
distribution of discrete and continuous reservoir properties (porosity, permeability, and water saturation). The methodology 
adopted in this work includes the integration of 2D seismic and well-log data. These data were used to construct 3D models 
of lithofacies, porosity, permeability, and water saturation through petrophysical analysis, upscaling, Sequential Indicator 
Simulation, and Sequential Gaussian Simulation algorithms, respectively. Results indicated that static reservoir modeling 
adequately captured reservoir geometry and spatial properties distribution. In this study, the static geocellular model delin-
eates lithology into three facies: sandstone, silt, and shale. Petrophysical models were integrated with facies within the 
reservoir to identify the best location that has the potential to produce hydrocarbon. The statistical analysis model revealed 
sandstone is the best facies and that the porosity, permeability, and water saturation ranges between 8 and 22%, 0.1 mD (< 1.0 
mD) to 1.0 mD, and 30–55%. Geocellular model results showed that the northwestern part of the Gamtoos Basin has the best 
petrophysical properties, followed by the central part of the Basin. Findings from this study have provided the information 
needed for further gas exploration, appraisal, and development programs in the Gamtoos Basin.
Keywords Static modeling · Valanginian sequence · Sequential Indicator Simulation (SIS) · Sequential Gaussian 
Simulation (SGS) · Gamtoos Basin · South Africa
Abbreviations
Ha-B1  Well used in this study
Ha-G1  Well used in this study
Ha-K1  Well used in this study
PhiNeu  Neutron-porosity model
PhiND  Density-porosity model
SGS  Sequential gaussian simulation algorithm
SIS  Sequential indicator simulation algorithm
List of Symbols
R2  the correlation coefficient determination
Фe, %  Effective porosity
mD  Milli Darcy Permeability
Фc  Porosity cut-off
Kc  Permeability cut-off
Vic  shale cut-off
Vsh  shale volume
K  Permeability
Ф  porosity
Sw  water saturation
Introduction
The request for oil products has placed massive pressure on 
the search for hydrocarbons with the development of tech-
nologies to reduce the risks of hydrocarbon exploration. 
Thus, it is essential to build up a reservoir model as accu-
rately as possible to calculate the reserves and determine 
the most up-to-date way of recovering as much petroleum as 
possible in an economical way. Applying integrated geologi-
cal, geophysical, petrophysical, geostatistics, and reservoir 
engineering is essential for reservoir characterization (Zee 
Ma and La Pointe 2011). A static reservoir model applies 
geological theory to understand the architecture of varieties 
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of fluid flow and obstacles within the reservoir. It demon-
strates the reservoir network based on information from 
different sources such as seismic, core, and well logs data 
(Viste 2008; Cannon 2018).
3D static reservoir modeling of a reservoir using seismic 
and well log data is an essential strategy for oilfield devel-
opment. It provides insights into the prediction of reservoir 
performance and production (Abdel-Fattah et al. 2018). A 
realistic 3D static reservoir model comprising a network of 
faults and horizons provides the basis for model refinement 
integration with well data to estimate hydrocarbon accu-
mulation and production (Abdel-Fattah and Tawfik 2015; 
Elamri and Opuwari 2016; Eruteya et al. 2018). The result of 
a robust 3D reservoir model is the representation of the res-
ervoir in three dimensions for an efficient volumetrics calcu-
lation, uncertainty analysis, flow simulations, and well plan-
ning (McLean et al. 2012). However, a static reservoir study 
built from well and seismic data is mainly of non-changeable 
rock properties such as the lithology, clay volume, poros-
ity, water saturation, and permeability and does not present 
the fluid flow behavior (Cannon 2018; Abd El-Gawad et al. 
2019). Nevertheless, researchers have successfully utilized 
seismic and well-log data to establish a 3D reservoir model 
of oil and gas fields (Okoli et al. 2021). However, well log 
data do not individually describe the variations in reservoir 
petrophysical properties due to the heterogeneity nature of 
reservoirs, and also the well data are scattered, whereas 
three-dimensional seismic models thus provide an excel-
lent description of reservoirs (Bagheri et al. 2013; Kyi et al. 
2014; Amoyedo et al. 2016; Zare et al. 2020; Opuwari et al. 
2021). Therefore, the proper integration of seismic data with 
a well log will enhance the lateral description of reservoirs.
Sequential Gaussian simulation (SGS) and Sequential 
indicator simulation (SIS) algorithms are often used to 
predict the distribution of reservoir properties. The SGS 
estimates the standard deviation and mean of a variable at 
the grid node and represents the variable at each node as 
a random variable with a standard Gaussian distribution 
(Bohling 2005). While the SIS uses indicator kriging to built 
a discrete cumulative density function to assign nodes to a 
category selected at random from the discrete cumulative 
density function (Bohling 2005). Thus, this present study is 
focused on the evaluation of the reservoir heterogeneity by 
integrating 2D-seismic data, well-log, and geological infor-
mation objectively to generate 3D static reservoir modeling 
within the early Cretaceous Valanginian stage for a better 
understanding of the petrophysical spatial distribution of dis-
crete and continuous reservoir properties such as porosity, 
permeability, and water saturation.
Geological setting
Gamtoos is an echelon twin is along with the Algoa sub-
basin of the Outeniqua Basin (Fig. 1) is a simple half-graben 
feature controlled by the Gamtoos' fault extending deep into 
the crust (McMillan et al. 1997). The onshore parts of the 
Gamtoos fault have a throw of about 3 km, while offshore, 
the throw increases to about 12 km (Thomson 1999). Major 
tectonic movements in the offshore Gamtoos Basin occurred 
on the eastern flank of the St. Francis arch. In the offshore 
Fig. 1  Location map of the study area in the red circle, Gamtoos Basin. (modified after McMillian et al. (1997)
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Port Elizabeth and Uitenhage troughs top of the basement 
(Horizon D reached depths of 6.5 km and 8 km, respec-
tively. Along the southern coastline of the Western Cape 
and Eastern Cape Provinces on the Eastern edge of the con-
tinental shelf is the Agulhas bank with water depths of less 
than 200 m increasing rapidly beyond 500 m in the south at 
the present-day shelf edge due to the erosion caused by the 
Agulhas current flowing along the south-westward in the 
shelf edge (Malan 1993; Broad et al. 2006). The reservoir 
sandstones in the Gamtoos Basin mainly occur as shallow 
marine sandstones in the Kimmeridgian (late Jurassic) stage 
in the western part of the Basin and the Late Valanginian 
sequence of the Basin (Fig. 2). The Valanginian sandstone 
sequence shows the potential for hydrocarbon exploration 
(Malan 1993) and deposited within the continental shelf to a 
deep marine depositional environment (Ayodele et al. 2020). 
Also, numerous stacked gas-charged submarine sandstone 
fans defining a Kimmeridgian to Berriasian age reservoir 
were interconnected in the southern parts of the Gamtoos 
Basin. The offshore part of the Gamtoos Basin is located 
along with the other echelons of Outeniqua Basin, South 
Africa, with reservoir sand indicating a normal pressure with 
no overpressure zones (Ayodele et al. 2016; Ayodele et al. 
2020).
Fig. 2  Chronostratigraphic chart of Gamtoos Basin showing major 
unconformities, depositional sequences distribution of sandstone, 
source rocks, and hydrocarbon shows, the time of the events that 
influence the developments of the basins, Soekor (1994) and adapted 
& modified after McMillan et al. (1997)
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Materials and methodology
In this study, the Petroleum Agency of South Africa 
(PASA) provided the datasets used, which includes geo-
logical (well completion reports, conventional core analy-
sis report, and geophysical (2D-Seismic in SEG-Y format, 
check shot, Navigation, and well logs (LAS format) data. 
The six wells used in these studies are well Ha-B2. Ha-K1, 
Ha-I1, Ha-G1, Ha-A1, and Ha-N1. A database was cre-
ated in Petrel 2014, and Interactive Petrophysics (IP 4.2) 
was quality control, and editing was first performed before 
data processing and analysis. The structural interpreta-
tion was performed from seismic data utilizing structural 
modeling, creating a skeleton or a 3D reservoir network. 
This process was used to perform fault modeling, hori-
zon picking, geocell network or grid cell, and layering of 
the 3D interpretation of seismic data. The static reservoir 
modeling was carried out by integrating both petrophysi-
cal and seismic data. The essential petrophysical evalua-
tion was performed, including determining the clay vol-
ume, porosity, water saturation, and permeability from 
well logs. The core data were used to calibrate the well 
log measurements. The determined petrophysical proper-
ties were used as an input parameter for upscaling. The 
upscaled logs were used for geocell Modeling and vari-
ogram distribution. In this study, petrophysical parameters 
are simulated using the Sequential Gaussian Simulation 
(SGS) algorithm. In contrast, the lithofacies architecture 
is simulated using the Sequential Indicator Simulation 
(SIS) algorithm to control the model distribution of the 
reservoir’s petrophysical properties (porosity, permeabil-
ity, and water saturation) since they are closely related. 
The reservoir structural model shows no significant faults 
around the well's location of the study area except minor 




In this study, seismic data interpretation was carried out 
to image subsurface structures (Yilmaz 2001). The most 
important step taken in interpreting seismic data was to 
create the relationship between the seismic reflection 
and stratigraphy of the area. The correlation between the 
borehole data and the seismic data enables identifying 
and correlating the seismic horizon with the formations. 
To perform the seismic modeling for this study, depth 
conversion was carried out. The seismic data recorded in 
the time domain was converted to depth domain because 
the well data was utilized for the study area in the depth 
domain. The density and sonic logs of six exploratory 
wells, Ha-B2, Ha-K1, Ha-I1, Ha-G1, Ha-A1, and Ha-N1, 
were calibrated with check shot data to perform the well 
(depth,m) -to-seismic (time, milliseconds) ties, to link 
stratigraphy to seismic reflection (Avseth et al. 2010) and 
to generate the synthetic seismogram. The results from the 
seismic well tie processing are presented in Fig. 4.
For the static reservoir modeling of this study, the first 
step was to interpret seismic data, which were performed by 
interpreting the seismic horizons using geological informa-
tion and geophysical methods. Then, the geophysical meth-
ods were used to compare the seismic traces with the syn-
thetic seismogram at the well location. The process enabled 
accurate mapping and picking of horizons. Thus, the Val-
anginian reservoirs surfaces (J1, horizons) and some minor 
listric faults in the reservoir layers were picked across the 
six wells Fig. 5a, b presents the surfaces created from the 
reservoir at horizons J1 for time and depth domains.
The structural model of the Valanginian section of this 
study was based on seismic interpretation data. The cre-
ated horizon and fault surfaces are the main components of 
the structural model. Most of the faults mapped on seismic 
reflection data of the Valanginian sections are minor lis-
tric faults that have no specific significance to the model, 
and erosional events formed as a result of tectonic uplift 
occurred in the area. These faults are located at the central 
portion of the Valanginian section trending North–South 
(Fig. 6). The sediments are thinned out based on tectonic 
action, which ranges from 0 m to − 1.5 km thickness from 
the northeast toward the southern part of the study area. The 
sedimentation in the North-West to the Southwestern part of 
the study area developed thickness sediments ranging from 
approximately 2.25–3 km. No significant fault was observed. 
The absence of a significant fault in the area may be one of 
the reasons for the absence of hydrocarbon fill mechanism 
of the formation in the wells across the section.
Structural modeling and creation of polygon
Structural reservoir modeling is the first step in static res-
ervoir modeling that includes seismic interpretation of the 
geological horizons, faults, and goecellular network are 
vital in static reservoir modeling (Rahimi and Riahi 2020). 
This model forms a 3D geometric framework and deter-
mines the range of petrophysical models (Canon 2018). 
Thus, a simple 3D geometric grid process was performed 
in this study to create cell grids containing the reservoir's 
geometry to denote the geological and petrophysical res-
ervoir properties, respectively, due to the 2D seismic data 
used in this study which does not support the 3D model 
directly. The grid cells have an optimized increment 
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of 50 m by 50 m along X and Y direction, respectively, 
and limits of 561 * 718 nodes dimension. The created 
2D horizon surfaces recorded in time were converted to 
surface depth, moved into the structural framework, and 
converted to simple 3D grids through structural gridding. 
This process enables the discrete populating of the facies 
and petrophysical property values into the grid cells to 
characterize the geometry. The grid cells were oriented in 
the north–south direction along with the well’s position 
and the 3D grid mode. The geocellular network is shown 
in Fig. 7. A polygon was created to cover the seismic hori-
zons mapped from the 2D line-seismic data based on the 
formation tops. This process was later used to model the 
surface generated for this study.
Petrophysical analysis
Before the petrophysical analysis, a well log lithology cor-
relation between the studied wells using formation tops and 
gamma-ray was first applied to identify facies. A gamma-
ray log baseline of 80,120 api to represent different facies 
were used. An interval with  ≤ 80api represents sandstone, 
an interval having 80 to 120 api represents siltstone, while 
an interval having readings of  ≥ 120 api represents shale. As 
a result, three different facies were identified as sandstone, 
silt, and shale (Fig. 8). This process enabled well-to-well 
correlation, defined the stratigraphic horizons bounding the 
main geological sequence, and observed the facies variation 
in the main reservoir J1 horizon.
Fig. 3  Flowchart depicting the 
methodology adopted in the 
study
4190 Journal of Petroleum Exploration and Production Technology (2021) 11:4185–4200
1 3
The petrophysical data analysis was performed to aid 
the static model of the reservoirs within the Valanginian 
section of the studied area. The conventional suites of 
petrophysical well logs data such as gamma-ray, resistiv-
ity, neutron, sonic and density logs available in the six 
wells were analyzed using IP (Interactive Petrophysics 
software) to estimate the petrophysical properties, such 
as the volume of clay, porosity, permeability, and water 
saturation. The volume of shale was obtained from the 
gamma-ray log using the linear formula (Asquith and 
Gibson 1982), and then corrected for shaliness using the 
nonlinear Larionov method for older rock:
where IGR (decimal) is the gamma-ray index (decimal), 
Grlog (api) is the gamma-ray log reading of the formation, 
Grmin (api) is the minimum gamma-ray log reading, and 
Grmax is the maximum gamma-ray log reading (Atlas, 
1979). The calculated IGR in Eq. 1 was used in Eq. 2 to 
calculate the shale volume (Vsh) using the Larionov method 
(Larionov 1969).
(1)IGR =






At the same time, the total porosity was estimated from 
the density log using an average matrix density value of 
2.67 g/cm3 from core grain density (Asquith and Gibson 
1982; Opuwari 2010) from Eq. 3:
where ρma (g/cm3) is the matrix density, ρb (g/cm3)density 
log reading, ρfl (g/cm3) is the fluid density, and Φt (%) is the 
total porosity from the density log.
A shale volume correction was applied to density calcu-
lated total porosity (Φt) to obtain an effective porosity using 
Eq. 4. The permeability was estimated from an empirical 
equation obtained from the core permeability versus poros-
ity cross plot. Water saturation was estimated from the 
Indonesian method by Worthington (1985) because of the 
high volume (an average of 38%) of silt and shale in the 
reservoir. Core-based petrophysical property results were 
available. All log estimated measurements were validated 
and calibrated with direct core measurements results from 
the petrophysical evaluation were upscaled. A cross plot of 




(4)Effective porosity = Φt−Vsh
Fig. 4  The results from the seismic well tie processing
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Fig. 5  a Result of horizon surfaces in-time created from the horizons J1 sequence b Result of horizon surfaces in-depth created from the hori-
zons J1 sequence
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and water saturation was performed. Consequently, effec-
tive porosity cut-off 8%, permeability cut-off of 1mD, and 
water saturation cut-off of 65% were used to estimate net 
pay intervals. The net pay refers to the interval or portion 
of the rock that can contain hydrocarbon (Yang et al. 2019).
Upscaling for this study aims to place the geometrical 
location of the petrophysical properties in each geocell. 
Also, the volume of data logs is very tiny, and to observe 
the properties in a cell, the mean of these points has to be 
displaced in the cell. Thus, the geocell input parameters 
designed in the reservoir network model for this study are 
evaluated by the averaging method. The averaging method 
by the arithmetic mean was used to upscale the additive 
petrophysical properties such as porosity and water satura-
tion. The geometric mean method was adopted in upscal-
ing the calculated permeability (K) because of its spatial 
correlation in the reservoir and because it is log-normally 
distributed and its sensitivity to lower values. The “Most of” 
algorithm upscale method value, being the most represented 
in the penetrated cells were used for the facies upscale. The 
two primary constraints for upscaling are that the data have 
a normal distribution and no orientation in the input values 
(Dake 1983; Mattar and Dean 2008).
In the modeling of petrophysical parameters in the present 
study, the upscaling helped to populate the grid cells for 
stochastic simulation algorithm methods, utilizing Sequen-
tial Gaussian Simulation (SGS) method in assigning the 
properties. This method was adopted because it allows the 
modeling of properties by lithofacies, honoring the well log 
data, allowing input parameter distributions, producing a 
histogram, and providing a clear variogram and trends.
Variogram application
A variogram is a computational tool that can examine spa-
tial data structures (Goovaerts 1992; Hazlett 1997; Rahimi 
and Riahi 2020). The variogram was applied in this study 
because the histogram alone cannot disclose the location and 
directional change of the distribution of reservoir proper-
ties. Therefore, the aspherical variogram model with sills 
Fig. 6  Depth (m) structured thickness map model of J1 horizon (Valanginian) across the study area showing listric faults
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known as a transition model that describes the data and 
serves as input into the property modeling was adopted in 
this study to understand the variability structure of distrib-
uted reservoir properties. Variogram data for each property 
upscaled were generated to identify anisotropy and direc-
tion of maximum data continuity of the Variogram model 
properties. The Variogram parameters values such as Sill of 
1.0, Nugget of 0.0001, and anisotropy range of 14,416 of 
both major and minor directions. In the vertical direction 
for well information and area variation, an azimuth of 63° 
with dip 0° in a clockwise direction and spherical variogram 
type were all selected and applied to generate an accurate 
result of the Variogram model. Thus, the resultant model 
was used in populating the facies and petrophysical prop-
erties in the 3D grid cells using the stochastic simulation 
algorithm method employing the Gaussian Random Func-
tion Simulation (GRFS) algorithm modeling in this study. 
Figure 9 indicates a sample variogram plot (semivariance) 
combining neutron-porosity and water saturation generated 
data analysis obtained for this study.
Facies modeling
The Stochastic Simulation method using Sequential Indi-
cator Simulation (SIS) algorithm by Kriging indicator was 
adopted to model facies in this study after the upscaling of 
the Facies log. The treat-log line and neighbor-cell method, 
which enabled all penetrated cell layers relatively to their 
variogram distance to populate facies, was also adopted for 
the upscaling facies. The lithofacies were discriminately 
coded at the wells based on log data, primarily the gamma-
ray logs (GR) available for the wells by using Python script; 
(Gamma Ray (GR 1) < 80, 0, If (GR 1) > 80 GR 1 < 120, 1, 
2)). Where 0 represents sandstone, 1 represents siltstone, 
and 2 represents shale. The GR values less than 80 API 
are classified as 0 (Sandstone), GR values between 80 and 
120 API are classified as siltstone, while GR values greater 
than 120 API are classified as shale. To simulate a discrete 
property (facies) for the studied area, the sequential indica-
tor simulator (SIS) method was applied using the Kriging 
indicator. This algorithm was adopted because it can control 
an average frequency and variation of the discrete spatial 
continuity and enable easy modeling of facies environments. 
The facies volume shares vary vertically, laterally, or both. 
Also, it ensures to transform a continuous distribution to a 
discrete distribution and its drive to simulate complex facies 
heterogeneity (Yu and Li 2012).
Static reservoir modeling
Static modeling plays a significant role in studying a hydro-
carbon reservoir by enabling the calculation of the hydro-
carbon volume (Abdel-Fattah et al. 2018; Abd El-Gawad 
et al. 2019). This includes a geocellular network containing 
Fig. 7  The result of simple 3D cellular gridding cells (207 × 238 × 21) are built through structural gridding
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Fig. 8  Gamma-ray log well correlation between the studied wells
Fig. 9  Results of variogram 
(semi-variance) of porosity and 
water saturation generated data 
analysis
4195Journal of Petroleum Exploration and Production Technology (2021) 11:4185–4200 
1 3
parameter information such as stratigraphy and faults 
modeling that aid in constructing the structural model and 
petrophysical properties. The 3D grid model, known as the 
geocellular model, usually has thousands to millions of geo-
cells. As a result, the rock facies and petrophysical prop-
erties (porosity, permeability, and water saturation) can be 
specified (Pyrcz and Deutsch 2014). In this study, to evaluate 
the reservoir parameters, static petrophysical modeling was 
simulated using the Geostatistics simulation method to gen-
erate data compatible with a spatial variable and create his-
tograms, model spatial variability of the actual data, respec-
tively. The Sequential Gaussian Simulation (SGS) algorithm 
method was adopted to provide a complete classification of 
the reservoir parameters continuously in each cell of the 3D 
network and reduce computational time and detect the reser-
voir anisotropy and reflect such anisotropy in the generated 
model. The five simulation procedures of this method duly 
complied within this study, viz. (a) by selecting a random 
point to estimate in the unknown dataset (b) application of 
the kriging method using the random value for the unknown 
dataset and variogram method (c) selections of a random 
value for an unknown point (d) at this stage the stimulated 
point is considered as the known point and used to simulate 
the next randomly chosen unknown point (e). Then, steps 
a to d, repeated for random realization to avoid unknown 
points. This study's rock facies (lithofacies) were simulated 
using the Sequential Indicator Simulation (SIS) algorithm 
Kriging indicator. This aids to control the model distribu-
tion of petrophysical properties within the reservoir since 
they are closely related. Based on the rock facies simulated 
in this study using the above method, the sand bodies in the 
formation fraction, i.e., the sand, silt, and shale contents, 
were 43.18%, 42.02%, and 14.79%, respectively Fig. 10.
Based on the petrophysical evaluation carried out using 
the above-stated method in the Valanginian section of 
the present Basin, the mean effective porosity logs model 
upscaling using arithmetic averaging methods runs vario-
gram was calculated between 8 and 22% (Fig. 11). The mean 
of a geometric method upscale the calculated permeability 
as the spatial correlation in the reservoir is log-normally 
Fig. 10  Result of 3D-grid-model perspective view distribution of upscaled Lithofacies
4196 Journal of Petroleum Exploration and Production Technology (2021) 11:4185–4200
1 3
distributed and sensitive to lower values. The calculated per-
meability is mainly concentrated between 0.1 and 1.2mD 
within the Valanginian section (Fig. 11). While the water 
saturation cut-off results derived from the petrophysical 
interpretation were used to determine the hydrocarbon-
bearing zones (pay) and water-bearing zones (wet) in the 
interval evaluation of the Valanginian section was 66%. The 
intervals with 66% or below water saturation were believed 
to be hydrocarbon-bearing zones, while the intervals greater 
than this value was considered wet or non-productive water-
bearing intervals.
The 3D lithofacies surface depth attribute map (Fig. 10) 
indicates a mass flooding characterized by thick-bedded 
siltstone lobe (siltstone facies) with intercalated fine mud-
rock (shale facies) and minor sandstone in low energy tur-
bidite channel environment in the southwestern part of the 
studied area (Flint et al. 2011). The northern part indicates 
a diachronous deposition dominated by sandstone, inter-
calated with minor siltstone and shale, probably deposited 
in a high energy turbidite channel, followed by low energy 
settling of the siltstones and shale before the next pulse of 
high energy sandstones were deposited (Spychala et al. 
2017). The northeast to the southeast of the Valangin-
ian section sequence suggests that high energy turbidites 
might be encountered. Erosional surfaces characterize 
the marine deposits dominated by sandstone intercalated 
with siltstone and minor shale due to tectonic processes 
resulting from uplift that created a sediment hiatus in the 
section (Surpless et al. 2009). In general, the distributions 
of the facies inValanginian section indicate an abundance 
of shale facies compared to sand and silt facies. Geologi-
cally the eastern and central parts show a distribution of 
sand facies where reservoirs are encountered within the 
formation. The southwestern parts dominated by shale and 
sand facies; show a reservoir and good seal for hydrocar-
bon accumulation which can prevent spill points during 
the hydrocarbon migration. The study revealed that the 
argillaceous facies (shale) are more dominant than the 
good arenaceous facies (sand) in the study area. Thus, the 
dominance of shale lithology in the study area, based on 
reservoir rock quality, suggests that the Valanginian sec-
tion potentially lacks good quality reservoir sand. These 
facies are deposited in varying depositional environments 
between shallow marine to deep marine of the continental 
Fig. 11  Result of 3D-grid-model perspective view distribution of upscaled porosity
4197Journal of Petroleum Exploration and Production Technology (2021) 11:4185–4200 
1 3
shelf, submarine fan lobes, and basin floor depositional 
environments.
The porosity distribution model (Fig. 11) shows a good 
porosity in the northcentral part of the study area and ranges 
between 16 and 22%, around well Ha-I1, Ha-G1, and Ha-N1. 
This good porosity is an indication that the pore space in the 
reservoir sand can store fluid. However, in the southern part 
of the study area, the porosity distribution indicates poor to 
fair porosity values ranging from 8 to 10% within the Ha-B2, 
Ha-K1, and Ha-A1 wells. Reservoir properties, which 
include the porosity of tight sandstones, have an intimate 
relationship with depositional facies, diagenetic features, 
and clay minerals(Calderon and Castagna 2007; Kashif et al. 
2019). Consequently, we infer that facies, diagenetic effects, 
and clay mineral present may be due to the variation in the 
porosity distribution in the study area. This indicates that 
the southern part’s reservoir rock has no substantial pore 
space capacity to store fluids. In general, based on the aver-
age porosity value of 14% of the entire study area, the area 
can be classified as fair reservoir rock property based on 
the classification of porosity and permeability proposed by 
Levorsen and Berry (1967), presented in Table 1.
The upscaled 3D permeability map (Fig. 12) indicates a 
permeability distribution concentrated mainly between 0.1 
to 1.2 mD, with the average permeability less than 1.0 mD in 
the entire reservoir rock. This value indicates a poor perme-
ability, a reflection of poor connectivity pore space reservoir 
sand’s inability to transmit fluid. This suggests that the area 
under investigation has no substantial permeability within 
the reservoir rock. Therefore, according to a qualitative per-
meability evaluation, this poor-quality reservoir rock unit 
cannot transmit fluids.
The upscaled 3D water saturation model (Fig. 13) reveals 
water saturation distribution within the wells Ha-N1, 
Ha-I1, Ha-G1, Ha-A1, Ha-K1, and Ha-B2 in the entire 
section varies from 30 to 85% (Fig. 13). This indicates a 
Table 1  Classification of reservoir porosity and permeability values 
(modified after Levorsen, (1967)
Porosity (%) Classification Permeability (mD) Classification
0–5 Negligible  ≤ 10.5 Poor to Fair
5–10 Poor reservoir rock 15–50 Moderate
10–15 Fair reservoir rock 50–250 Good
15–20 Good reservoir 
rock
250–1000 Very good
20–25 Very good reser-
voir rock
 > 1000 Excellent
Fig. 12  Result of 3D-grid-model perspective view distribution of upscaled permeability
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hydrocarbon-bearing reservoir, suggesting that the Valangin-
ian section can be regarded as a hydrocarbon-bearing reser-
voir unit. The changes in the petrophysical properties gener-
ally tend to be facies controlled because areas predominantly 
of shale and silt have porosity ≤ 8%, permeability ≤ 1mD, 
and water saturation ≥ 65%, indicating an inability to pro-
duce hydrocarbon is observed in the northeastern and south-
western part of the study area. Whereas, areas dominated by 
sand in the northwestern part of the study area have poros-
ity ≥ 8%, permeability ≥ 1mD, and water saturation ≤ of 65%, 
showing potential net pay.
Conclusion
This study has integrated and evaluated seismic, well log, 
and core data to generate information that would assist in 
the delineation of petrophysical properties and hydrocarbon 
prospect locations within the Gamtoos Basin, offshore South 
Africa. The study has proven to be successful in identify-
ing the poor petrophysical properties of the formation as 
one of the reasons for the inability of the Gamtoos Basin 
to produce a commercial quantity of hydrocarbon. This 
study performs static reservoir modeling for the petrophysi-
cal properties (porosity, permeability, and water saturation) 
using the Sequential Gaussian Simulation (SGS) method. 
Static reservoir modeling provides expected results using 
the geostatistics method in the complex geological struc-
ture of the reservoir section in the Valanginian reservoirs 
of the Gamtoos Basin. The evaluated petrophysical prop-
erties indicate that the reservoir porosity and permeability 
in the Valanginian section are concentrated between 5 and 
22% and permeability ranges from 0.1 to 1.2mD (average 
mean permeability of < 0.1mD) from the north to the south 
across the studied area, the water saturation ranges between 
30 and 85%. The distribution of petrophysical properties 
presented by the reservoir property maps would guide during 
the exploration, appraisal, and development phases of the 
Gamtoos Basin. Based on the constructed static geological 
reservoir model, the northwestern part of the Basin presents 
the best location for hydrocarbon prospecting. Furthermore, 
the results show that static modeling can improve methods 
for reservoir evaluation and subsurface geological studies.
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